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CHAPTER 1. GENERAL INTRODUCTION
The Des Moines Lobe of Iowa (DML-IA), the southernmost portion of the Prairie Pothole Region (PPR) of North America, was characterized by wet meadows connecting depressional wetlands of a variety of types and sizes. Of the presettlement extent of wetlands, it has been estimated that only 5% remain, most of them having been drained for row-crop agriculture . There is a growing consensus among wetland experts that there is a critical need for information of the morphology of these numerous drained depressions to better understand their impact on downstream waters. Typically, studies concerning depressional morphology have involved extrapolating either from available data to larger regions or to other areas within a surveyed catchment. For instance, Extrapolating depressional morphology to unsurveyed wetlands based on a comparatively small selection of training sites can lead to error in key morphologic characteristics (e.g. maximal storage volume and total inundation area) .
When applying such models to larger areas, and other regions, errors could be compounded and negatively impact hydrological models. While the PPR is a distinct geomorphologic region, it has been noted that bulk morphologic characteristics vary between sub-regions of the PPR and the possibility for compounding errors is even more of a concern .
Because of the importance of this information and because of the shortcomings in determining depressional morphologies for unsurveyed areas, the need to automate the delineation and characterization of these depressional features for any arbitrary study area is critical. A number of recent studies (e.g. Wu and Lane 2016) have demonstrated the suitability of Light Detection and Ranging (LiDAR) high resolution topographic data for delineating depressional wetland boundaries and morphology and this type of work is possible thanks to publicly available regional LiDAR.
However, most of these studies have focused on small individual drainage basins.
Currently, there is little information about depressional wetland morphology for the entirety of the DML-IA despite the recent focus on depressional wetland restoration in the region . Recently, have characterized the size distributions of depressions across the region but critical information regarding volume and depth distributions within this region remains undeveloped. Because Iowa's depressional wetlands are mostly drained, it is possible to obtain detailed information on their size, depth, and volumes using LiDAR derived DEMs (Digital Elevation Model).
To meet the aforementioned need for information for DML-IA depressional morphology, we developed an algorithm which uses a unique combination of geoprocessing tasks and numerical computation to identify, delineate, and derive the morphology of all drained depressions within a DEM of arbitrary resolution. The algorithm was then applied using 3 m hydrologically enforced DEMs , comprising the entirety of the DML-IA to derive detailed information about the morphology of depressional wetlands within the region. The resulting data was subsequently used to statistically characterize the bulk morphologic properties of drained upland depressions within this region, and to estimate the total potential water storage capacity of these systems with respect to their size, depth, and volume distributions.
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Abstract
An algorithm developed to identify, delineate, and derive the morphology of drained depressional features within a landscape was applied to the Iowa portion of the Des Moines Lobe (DML-IA) geomorphic sub-region of the Prairie Pothole Region of North America (PPR), using high resolution LiDAR derived Digital Elevation Models (DEMs). Nearly 240,000 unique upland depressions were identified and their individual morphologies determined. Testing of our algorithm against an algorithm designed to integrate over triangulated surface representations of 975 randomly selected depressions from the DML-IA dataset reveals that our computational process produces morphology results to within 0.3 and 2% of those obtained using the latter process, and is nearly 3 orders of magnitude faster. Maximum areas of inundation, maximum depths, and maximum storage volumes were determined to follow a power-law distribution.
Maximum volume was determined to be strongly related to maximum area through a power-law model, the coefficients of which appear to vary significantly from other areas of the PPR, but are in close agreement with values obtained for small sub-areas of the DML-IA, and for a large river basin in North Saskatchewan, CN. While the majority (80%) of depressions within the DML-IA are less than 1 ha in area, these only comprise 9.8% of the total potential depressional storage and 25.6% of the total depressional wetland area of this landscape. More than half of the potential storage capacity is provided by depressions between 1 and 30 ha.
Introduction
The Des Moines Lobe of Iowa (DML-IA) represents the southernmost extent of the Prairie Pothole Region of North America (PPR). Prior to European settlement this landscape was characterized by wet meadows connecting depressional wetlands of a variety of types and sizes.
Since settlement, approximately 95% of Iowa's wetlands have been drained and converted to cropland . The morphology of these numerous drained depressions is not well quantified, and there is a growing consensus among wetland experts that there is a critical need for this kind of information to better understand the hydrology of this modified landscape Depressional morphology has typically been obtained through manually or photogrammetrically surveying a small subset of sites within a targeted drainage basin, and by applying characteristic mean or power-law regression equations to unsurveyed locations . Alternatively, researchers have attempted to mathematically model depressional morphology using power-law volume-depth-area relationships fitted to a comparatively small training dataset obtained from surveys within a single catchment or Despite the recent focus on depressional wetland restoration in this region , there is currently little information about depressional wetland morphology for the entirety of the DML-IA. Only recently have researchers attempted to characterize the size distributions of depressions across the region , and critical information regarding volume and depth distributions within this region remains undeveloped. Because Iowa's depressional wetlands are mostly drained, it is possible to obtain detailed information on their size, depth, and volumes using LiDAR derived DEMs. To meet the expressed need for information about wetland depressional morphology for the DML-IA, we developed an algorithm which uses a unique combination of geoprocessing tasks and numerical computation to identify, delineate, and derive the morphology of all drained depressions within a DEM of arbitrary resolution. The algorithm was subsequently applied to 3 m hydrologicallyenforced DEMs comprising the entirety of the DML-IA to derive detailed information about the morphology of depressional wetlands within this region. The resulting data was then used to statistically characterize the bulk morphologic properties of wetland depressions within this region, and to estimate the total water storage capacity of these systems with respect to their size, depth, and volume distributions.
Methods
Study Area
The Des Moines Lobe (DML) is a sub-region of the Glaciated Plains region of the PPR extending from west-central Minnesota to central Iowa. The Des Moines Lobe of Iowa (DML-IA) is the 31032 km 2 portion of the larger DML that is contained within the boundaries of the state of Iowa (Figure 1 ). The DML-IA is a low-relief landscape cut by relatively deep river valleys running diagonally north-northwest to south-southeast across the region. The uplands between river valleys tend to be relatively flat. Prior to European settlement of the area, this region of the PPR was characterized as possessing a many permanently or ephemerally ponded depressional wetlands (aka Prairie Potholes) connected by wet meadows . The potholes of which have been estimated (using information on soil characteristics) to have comprised up to 25% of the total land area (Miller 2006) . However, the uplands of the DML-IA have been largely converted to agriculture with an extensive network of subsurface tile drains and surface drainage ditches , and nearly all of the original wetlands were drained long ago.
While the DML is a continuous geomorphic region, the focus of this research was constrained to the DML-IA alone, in part because of the extensive drainage of depressional wetlands within this sub-region, and because of the availability of hydrologically corrected LiDAR derived DEMs.
Hydrologically Enforced Bare Earth LiDAR
LiDAR data was flown for the DML-IA from 2006 to 2010 as part of a state-wide data collection effort . Data was collected either in the spring before leaf-out or in the fall after leaf abscission to minimize error from vegetation. Subsequent processing of the LiDAR dataset was conducted to produce a continuous bare-earth DEM, which was further corrected to enforce hydrological connectivity of flow pathways through human-made landscape features such as bridges and roadways . Data were obtained as individual 3 m (horizontal) and 0.01 m (vertical) resolution continuous raster elevation datasets clipped to the boundaries of United States Geological Survey (USGS) 12 digit Hydrological Unit Code (HUC12) watersheds.
The vertical accuracy of LiDAR data is reported to be 0.18 m (Wu and Lane 2016) .
Algorithm Structure
The algorithm developed and used in this study (herein referred to as the Surface Depression Morphology Tool -SDMT) was designed to quickly and efficiently identify and delineate depressional basin boundaries and tabulate depth-area-volume data and relationships for all depressions resulting from fillable sinks identified within a supplied DEM. The algorithm was coded in the Python 2.7 programming language and uses the ArcPy (Esri 2016) and Pandas 
Derivation of Depressional Morphology
Depressional morphology is determined on a depression-by-depression basis using the combined output. The algorithm is designed to work upward from the basin floor to the maximum depth of inundation corresponding to the maximum area of inundation (hmax and Amax respectively; Figure 3 ). The dynamic area of inundation (A(h)); m 2 ) is calculated as a sum of the area of all the cells equal to and greater than the depth increment (higher values represent lower cells):
( 1) where n is the number of cells in the layer i corresponding to the depth hi (m), and ∆x∆y is the spatial resolution of the DEM (m 2 ). Likewise, the storage volume as a function of depth (V(h); m 3 ) is a summation of the product of the cell count for each unique depth layer and the difference of the current depth increment and the next from the basin floor up to the spill elevation:
This process is analogous to numerical three-dimensional Riemann integration over the depressional feature between the limits h = 0 and h = hmax and is similar to the method of Le and Kumar (2014) . This method is simpler and more efficient than integration over triangular irregular networks (TINs) used by some algorithms such as that featured in the Esri Surface
Volume Tool (ESVT), which is, in turn, based on the algorithm developed by Watson (1992) . An example of the morphology table output produced by the algorithm for one of the depressions within the DML-IA is given in Table 1 . Figure 4 provides examples of the morphologic curves Wu and Lane 2016) if connected by one or more internal spill points; these are treated as a single, larger basin, the integrated morphology of which is reflected in the algorithm output. 
Results and Discussion
Application of the Algorithm to the DML-IA
Filtering of Raw Output
In total, 3.3 million depressional features were identified and delineated from the initial DEM processing. These features represented small single or multi-cell pit errors in the input DEMs, human-made topographic features (i.e. roadside ditches and embankments, quarries, partially filled ponds and reservoirs), and naturally occurring depressions (drained prairie potholes). Non-depressional wetland features were removed from the dataset through a combination of automatic and manual filtering using National Hydrological Dataset Plus The final dataset contained 223,919 features reasonably considered to be currently drained depressional wetlands. The exclusion criteria used may have inadvertently misidentified some features as being non-depressional (e.g. depressions that had a small overlap with flowlines or waterbodies). However, such exclusions or misidentifications are inevitable when using high resolution remotely sensed data, and a certain degree of unmeasureable error is implicit in the algorithm processing results. Thus, the results presented here assume that the LiDAR derived DEM is an accurate representation of the actual land surface elevations of the DML-IA; an assumption implicit in all DEM-based derivations of land surface information (Abedini et al 2006) .
Morphology of Upland Depressions
The 223 of the total depressional storage is contained within less abundant but larger systems.
Summary statistics of depressional morphologic attributes are given in Table 1 . As shown in Figure 7 , frequency relationships for Amax, Vmax, and hmax are reasonably described using a power-law model, which is in accordance with the findings of Van Meter and Basu (2015) 
where Vmax and Amax are expressed in m 3 and ha, respectively. Figure 8 shows the model developed in this study compared with the models presented by and Wiens (2001) , and the models given in from their review and analysis of depressional morphology surveys conducted in small drainage basins within the Glaciated Plains, the Missouri Coteau, and the Prairie Coteau sub-regions of the PPR. Our results more closely match the exponents and intercepts obtained by both and Wiens 
Comparison with Alternative Algorithms
Assessment of the error associated with our method would require comparison of results of morphologic measurements made for physically surveyed systems within the DML-IA, or assessing the degree of correspondence in total derived inundation areas with estimates by obtained from aerial imagery. Surveyed data is difficult to obtain for this region, and thus is precluded as a means to assess the accuracy of our method. For the latter option, because most of the depressions are dry or only partially filled after some rain events, obtaining imagery of the extent of inundation for a random sampling of depressions is equally difficult. Besides, aerial imagery analysis would only provide an estimate of the error associated with maximum areas of inundation, and would not provide information about the error associated with individual depression morphology (i.e. depth-area-volume relationships).
As stated previously, an assumption implicit in the analysis covered in this paper is that the LiDAR-derived 3 m DEM is an accurate representation of the actual land surface of the DML-IA (Abedini et al 2006) . The gridded nature of DEMs and the processes used to derive them inevitably results in the obscuring or averaging out of features existing at scales smaller than the raster resolution (Abedini et al 2006) . Thus, the prudent approach to assess the error inherent in our method is to assume that the LiDAR data is everywhere accurate to within 0.18 m, and that any uncertainties arising from our process derive from the vertical accuracy of the LiDAR data from the gridded nature of the LiDAR-derived DEM.
To obtain an estimate of the error associated with a gridded representation of the land surface, we opted to evaluate the results of our process with those derived from integration over The ESVT output included values for depression depth ht, inundation area(At(h)), and volume as a function of depth (Vt(h)), which were matched by depth (hg). These values were subsequently mapped, by depth, to corresponding areas and volumes derived from the SDMT algorithm Ag(h) and Vg(h), respectively). For clarity, the subscripts t and g in the previous terms represent the triangulated and gridded depressional surfaces, respectively. Estimates of Ag (h) were regressed against At(h) and Vg(h) against Vt(h), obtaining coefficients of variation (R 2 )
estimates for area and volume for each depression in the error test set. This process was performed to assess the relative degree of correspondence between the output from the two algorithms. The bias inherent in the output from the SDMT, measuring the relative degree of over or under-estimation of dynamic volume and area, was estimated from the slope of the regression lines.
The mean absolute relative error (MARE) was used to assess the average error of both volume and area estimates obtained from our algorithm on a depression-by-depression basis:
where E represents the variables area or volume, hmax is the maximum depth, h is the dynamic depth, and n is the number of observed depth values in the depression.
Comparison Results
The average Runtime for the ESVT test set, executed on the same server mentioned previously, was recorded to be approximately 17 hours and 21 minutes with an average per-feature execution time of 1.04 seconds. This equates to a runtime three orders of magnitude slower than the per-feature runtimes of the SDMT. This large disparity likely can be explained by the intensive task of deriving a TIN for each feature and then integrating over that TIN. Runtime for the TIN derivation and integration is likely dependent on resolution. Most of the raster processing for the SDMT is also resolution dependent, however the table-based calculations used to derive the depressional morphology are not.
Conclusions
An algorithm designed to quickly and efficiently delineate and determine the morphology Figure 1 . The PPR extending from Saskatchewan and Alberta into Nebraska and Iowa. The DML is identified as the southeastern most lobe of the region with the DML-IA being the portion of the lobe extending into Iowa. 
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CHAPTER 3. GENERAL CONCLUSIONS
In this study we designed a quick and efficient algorithm for delineating and determining the depth-area-volume (morphology) of drained depressions from any DEM of arbitrary resolution and size. The algorithm was then applied over the entirety of the DML-IA. Maximum inundation areas, volumes, and depths were each identified to follow a power-low distribution.
We found that small, shallow basins comprise the majority of the depressions for the region;
80% of the total 223,919 unique depressions were found to be less than 1 ha in size. However, despite their prevalence, these small depressions comprise only approximately 25% of the total area identified as closed depressions, and only 10% of the total potential depressional flood storage capacity for the region. Correspondingly, most of the depressional flood storage potential is contained within only approximately 20% of the delineated depressions. The datasets developed in this work could be used in models of depressional fill-spill dynamics and surface flow routing across a wide range and provide significant information regarding the flood storage potential of depressions arcpy.RasterToPolygon_conversion(setNullZones, "DepPolys_nd.shp", "NO_SI MPLIFY", "VALUE") 163. deppolys = arcpy.Dissolve_management("DepPolys_nd.shp", "DepPolys_dis.sh p", "GRIDCODE") 164.
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